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Introduction
Flash floods are distinguished from regular floods by their rapid occurrence, which leaves an extremely short time for hazard warning. Flash floods can be generated quickly after heavy rainfall events, especially when highly intense rainfall occurs in steep mountainous areas with poor vegetation cover. Flash floods are usually localized disasters that occur in catchments of a few hundred square kilometers or less, with response times of a few hours or even less (Borga et al., 2007) . The short lead time and small area collectively enhance the difficulty of flash flood forecasting. Flash floods are often associated with other natural hazards such as landslides and debris flows, which amplify the potential threats to human life and property. Flash floods occur frequently in mountainous areas in China because of frequent summer rainstorms and the complex topogeological conditions. According to statistics, 263,000 people died in flood disasters during 1950-2000, with flash floods constituting 68.4% of the deaths. This proportion increased greatly, up to 87.6%, in 2010 (Zhang, 2013) . Currently, more than 30,000 automated meteorological stations are active in China (Shen et al., 2013) , and a number of studies have focused on quantitatively estimating the precipitation from multi-source precipitation measurements (Hou et al., 2013; Zhu et al., 2013) . The current severe situation and the abundant rainfall observations and data availability make establishing a flash flood warning system over the large areas of the mountainous regions in China extremely necessary and feasible.
In practice, a flash flood warning can be issued based on realtime hydrological forecasting. Many researchers have recognized that the quantitative forecasting of flash floods is still a challenge, especially for lead times that are shorter than 1-3 h (Alfieri et al., 2012) . Most real-time flood forecast systems, such as the US National Weather Service's River Forecast System (Morris, 1975) , the European Flood Alert System (Alfieri et al., 2012) , and the Chinese National Flood Forecasting System (Liu, 2009) , are based on hydrological and/or hydraulic models and are intended to provide real-time forecasts of discharges and/or water stages at critical river sections. The hydrological models that are used in flood forecasting include lumped models and distributed models. Both types of models require hydrological data to calibrate model parameters, while catchments that urgently need flash flood forecasting are generally ungauged (i.e., no hydrological data available for calibration). Refsgaard and Knudsen (1996) found that distributed and lumped models perform similarly with calibration, but distributed models perform marginally better without calibration in study catchments with drainage areas that range in size from several hundreds to one thousand square kilometers. Javelle et al. (2010) noted that distributed hydrologic models can provide river discharges and hydrological statuses such as soil moisture over the whole catchment, which is an essential advantage for real-time flood forecasting. Younis et al. (2008) reported that the operational European Flood Alert System, which was developed for large rivers, could achieve satisfactory results in small French Mediterranean watersheds. Meanwhile, real-time forecast systems that are based on hydrological models might exhibit an increased probability of system failures because of model instability, incorrect updating procedures, and error propagation (Martina et al., 2006) . Under these circumstances, an early warning method that is based on a rainfall threshold can serve as a satisfactory auxiliary reference, as proposed by several past studies (Mogil et al., 1978; Schmidt et al., 2007; Norbiato et al., 2008; Gourley et al., 2012) .
The main idea of an early warning method that is based on a rainfall threshold is to determine the possibility of a disastrous flash flood occurrence solely by comparing the forecasted or observed rainfall with the rainfall threshold. A forecasted or observed rainfall amount that exceeds this rainfall threshold indicates a high possibility of a disastrous flash flood occurrence, and an alert is issued. In this approach, determining the value of the rainfall threshold is the critical step; many studies have dealt with this issue. A very simple method is based on historical data, namely, drawing a line to best separate between critical and noncritical conditions in a figure with the event duration as the abscissa and the accumulated rainfall depth as the ordinate (Cannon et al., 2008) . However, this method does not consider the initial soil moisture conditions; storms and floods do not always occur at the same frequency because of different antecedent soil moisture conditions. Another notable method is Flash Flood Guidance (FFG), which was established by the US National Weather Service (NWS) in the late 1970s (Mogil et al., 1978) . This system greatly improved flash flood forecasting by considering the initial soil moisture status. The US NWS's FFG method requires running a lumped hydrological model iteratively for several different hypothetical rainfall amounts over selected time spans and simulated soil moisture conditions, which are obtained from a hydrological model that records continuous soil moisture data to determine the critical rainfall that is necessary to cause a predefined discharge threshold at the outlet of the catchment. This critical rainfall, which is often considered to be uniform in space and time over a certain catchment, is often referred to as the rainfall threshold. A flood warning is issued according to the likelihood of a flash flood occurrence by comparing the observed or forecasted rainfall accumulation during a time period with this rainfall threshold. Recently, Schmidt et al. (2007) proposed a raster-based method to derive a gridded FFG (GFFG) in a distributed manner. Gourley et al. (2012) reported that FFG performs better than the GFFG, but the GFFG can detect the spatial variability.
Hydrological model parameters cannot be calibrated in ungauged catchments. A practice that is often followed is approximating model parameters from the closest gauged catchment according to the spatial proximity (Blöschl, 2005) . However, the performance of rainfall threshold estimation in ungauged basins with this parameter transposition approach is not very satisfactory (Norbiato et al., 2008) . The poor performance in ungauged catchments generally stems from simulation bias because the hydrological model parameters cannot be calibrated (Blöschl, 2005) and from the uncertainties in specifying the magnitude of the flooding threshold because of a lack of historical observations (Ntelekos et al., 2006 ). An attempt to extend the application of flood warning to ungauged catchments has been made by using the model-based runoff threshold (Reed et al., 2007) , which requires running a hydrological model and conducting a frequency analysis with model-based discharges to determine the runoff threshold. This research also found that the overall performance of a distributed hydrological model decreased with decreasing catchment area. This increasing model uncertainty at small scales may obscure the benefits of high-resolution distributed models in flash flood forecasting. A comparative study (Norbiato et al., 2009 ) was conducted in four Italian catchments, and the results indicated that using model-based thresholds can improve flood warning method using the rainfall threshold in both gauged and ungauged catchments. On the one hand, the distributed model makes hydrological calculations at spatial and temporal scales that are more commensurate with flash flooding; on the other hand, the distributed models perform better than lumped models without calibration (Refsgaard and Knudsen, 1996) . The above merits suggest that the rainfall threshold from distributed models may perform better than that from lumped models. Thus, unlike the US NWS's FFG, which regularly applies a lumped hydrological model to catchments on a scale of 1000 km 2 (Gourley et al., 2012) , this study takes advantage of distributed hydrological models in flood simulations at ungauged locations and uses the threshold frequency method to determine the rainfall threshold for flash flood warnings in China's mountainous areas. The rainfall threshold value of the US NWS's FFG is usually updated one to three times per day (Gourley et al., 2012) , while the GFFG is updated three to four times per day (Seo et al., 2013) . This process requires the systems to frequently calculate the rainfall threshold. Despite the availability of continuous rainfall forecasts in real time, the rainfall threshold is only updated three to four times a day, which may reduce the warning accuracy when flash flood events occur on a short time scale. Another critical issue is the definition of rainfall duration. Although the US NWS's FFG suggests the use of rainfall thresholds over different time spans (for example, 1 h, 3 h, and 6 h), no discussion exists regarding selecting an appropriate duration for flash flood warnings.
In this study, we propose an approach that uses binary classification instead of running a hydrological model iteratively to determine the rainfall threshold under different antecedent soil moisture values. To improve the warning accuracy, especially in ungauged catchments, we adopt a distributed hydrological model to simulate historical floods and use frequency analysis to determine the flooding threshold, which is then used to determine the rainfall threshold. We aim to (1) establish a strategy for flash flood warning that is based on the definition of a rainfall threshold and (2) evaluate the proposed method in gauged and ungauged catchments with various climatic conditions in China.
After the Introduction, Section 2 presents the study area and data that are used in this paper. Section 3 introduces the istributed hydrological model that is used in this study and the model validation. The method to compute the rainfall threshold for flash flood warnings is described in Section 4. Section 5 consists of the results and discussion. Finally, a brief summary and the major conclusions are provided in Section 6.
Study area and data
This study selected four catchments in different climate regions to establish a strategy for flash flood warning in China. The study areas included the Suichuan catchment (with a drainage area of 910 km 2 and mean annual rainfall of 1637 mm) of the Ganjiang River, which is located in a humid region with an annual rainfall value that is greater than 800 mm; the Maduwang catchment (with a drainage area of 1601 km 2 and mean annual rainfall of 735 mm) of the Ba River, which is located in a semi-humid region with an annual rainfall value that ranges from 400 mm to 800 mm; the Banqiao catchment (with a drainage area of 493 km 2 and mean annual rainfall of 670 mm) of the Banqiao River, which is also located in a semi-humid region; and the Zhidan catchment (with a drainage area of 774 km 2 and mean annual rainfall of 414 mm) of the Zhou River, which is located in a semi-arid region with an annual rainfall value that ranges from 200 mm to 400 mm. The concentration times (i.e., the time for water to flow from the most remote point in a watershed to the watershed outlet) were approximately 7, 9, 4 and 6 h for the Suichuan catchment, Maduwang catchment, Banqiao catchment and Zhidan catchment, respectively. Fig. 1 shows the locations of the four study catchments, and their basic hydroclimatic and geographical characteristics are summarized in Table 1 . The four catchments are all mountainous terrains. The Suichuan catchment is located in East China, with an elevation difference of 1458 m. The Maduwang and Banqiao catchments are located in the northern and southern Qinling Mountains, with elevation differences of 1986 m and 918 m, respectively. The Zhidan catchment is located in the Loess Plateau, with an elevation difference of 586 m.
The hydrological characteristics vary greatly among the four catchments. The annual runoff coefficient ranges from a rather low value of approximately 0.04 in the Zhidan catchment to a relatively high value of approximately 0.55 in the Suichuan catchment. However, these regions share a seasonal rainfall pattern that is concentrated in flood seasons, with heavy rainstorms being the major cause of flash floods. However, the flood seasons of these areas are different. The Suichuan catchment has a longer flood season from April to September, while the flood seasons of the other three study catchments mainly range from June to October.
The data that were used in this study include geographical information for the catchment landscape, which were used to build the distributed hydrological model; meteorological data, which were used as an input to the hydrological model; and hydrological data, which were used to calibrate and validate the hydrological model. The catchment topography was represented by using a digital elevation model (DEM) with a spatial resolution of 90 m, which was downloaded from the SRTM Database (http://srtm.csi.cgiar. org). The soil map was obtained from the China Dataset of Soil Properties for Land Surface Modeling (Dai et al., 2013) . Land use/-land cover data were obtained from the Environmental and Ecological Science Data Center of West China (http://westdc.westgis.ac. cn/) at a 100 m resolution. The gauge rainfall data and observed discharge data were collected from the Hydrological Bureau, Ministry of Water Resources of China. Daily rainfall data were available over the entire period (from 1951 to 2002 in the Suichuan catchment and from 2000 to 2010 in the other three catchments), while event-based rainfall data were available only in flood seasons, with the temporal resolution varying from 6 h to 1 h when the rainfall intensity increased. The availability and temporal resolutions of the discharge data were similar to those of the rainfall data, with daily data available over the entire period and event-based data available only in the flood season, as shown in Table 2 . Daily meteorological data were obtained from the China Administration of Meteorology, including the precipitation; mean, maximum, and minimum air temperatures; sunshine duration; wind speed; and relative humidity. These meteorological data were used to estimate the potential evaporation by the Penman equation (Penman, 1948) in the hydrological model.
Distributed hydrological model

Brief description of the distributed hydrological model
The hydrological model that was used in this study is a distributed geomorphology-based hydrological model (GBHM) that was developed by Yang et al. (1998 Yang et al. ( , 2002 . The model structure is built on the catchment geomorphological properties, and the model represents the catchment's hydrological processes by using physically based equations. This model can simulate evapotranspiration, infiltration, soil moisture and runoff.
The main feature that distinguishes GBHM from other distributed models is the discretization scheme and sub-grid parameterization. For convenient utilization of the available geographical information, GBHM uses a grid system to discretize the study catchment. Considering a tradeoff between the computation efficiency and accurate landscape parameterization, GBHM uses a relatively large grid size, within which the river network can be derived appropriately from the DEM. The river network is ordered by the Horton-Strahler scheme. The study catchment is divided into a number of sub-catchments that correspond to each river segment. The grids within a sub-catchment are then grouped into several flow intervals according to the flow distance; the runoff that is generated from the grids within a flow interval contributes to the interval of the mainstream. Each grid is represented by a number of topographically similar ''hillslope-valley" systems, with the hillslope being the basic unit of the hydrological simulation (Yang et al., 2002 (Yang et al., , 2015 .
GBHM mainly consists of a hillslope hydrological module and a kinematic wave flow routing module (Yang et al., 2002 (Yang et al., , 2004 . In the hillslope module, GBHM simulates the hydrological processes, including interception, evapotranspiration, infiltration, overland flow, unsaturated flow and groundwater flow. Evapotranspiration is calculated as the evaporation from the canopy water storage, surface storage and soil surface and transpiration from the root zone. The topsoil is divided into several layers according to their depths, and the vertical flow is described by using the Richards equation, which is solved by an implicit numerical scheme. After the surface flow is calculated, the overland flow concentration can be described by using the one-dimensional kinematic wave equation. Subsurface flow along the hillslope occurs when the soil water content surpasses the field capacity. Groundwater aquifers are discretized (corresponding to the grids) and treated as several individual storage compartments. The exchange water between the groundwater and river channel is expected to be a steady flow and is estimated by Darcy's law (Yang et al., 2002) .
Most model parameters are defined according to their physical meaning based on either actual in situ measurements or regional/-global databases. Only a few parameters must be calibrated, such as the hydraulic conductivity of groundwater. GBHM parameters can be categorized into vegetation, land surface, soil water, and river parameters. A detailed description of the GBHM model parameters is provided in Table 3 .
Model implementation
In this study, the grid resolution of the GBHM model was set to 1 km for the Zhou River, Ba River and Suichuan River catchments and 500 m for the Banqiao River catchment, as suggested by Yang et al. (2001 Yang et al. ( , 2015 . The number of sub-catchments in the Zhou River, Banqiao River, Ba River and Suichuan River were 88, 101, 153 and 59, with minimum sub-catchment areas of 1, 1, 0.25 and 1 km 2 and maximum sub-catchment areas of 78, 45, 25.25 and 30 km 2 , respectively. The GBHM simulates the hydrological processes with a one-hour time step. The original rainfall data were first downscaled to hourly data. The event-based rainfall data in the flood season were uniformly distributed throughout the rainfall duration. Regarding the daily rainfall data in the nonflood season, we first determined the duration of the rainfall in a day according to the daily rainfall amounts (the more rain, the longer the duration, up to historical statistics) and randomly determined the start time of the rainfall. Then, the daily rainfall amounts were downscaled into hourly rainfall by a normal distribution. This method may introduce uncertainty in the runoff simulation, but continuous hydrological simulation during the nonflood season was used to update the catchment's hydrological status, such as soil moisture. After this temporal downscaling, the hourly rainfall was then interpolated to grids by using an angular distance weighting method (New et al., 2000) . This method selects the nearest rainfall stations within a distance of x 0 (up to 8 stations were used in this study) and calculates the distance weighting for rain station k as follows:
where x is the distance from the center of a grid to the station; x 0 is the attenuation distance, which was set to 40 km in this study; and m is an adjustable parameter (m = 4 in this study). The distance weighting is modified according to the relative direction among stations. The correction coefficient a k is given as
where hðk; lÞ is the angle between stations k and l, w l is the distance weighting of station l, and n is the number of rain stations. The angular distance weighting is modified as follows:
Therefore, the interpolated precipitation in a grid is calculated by using the weighted average as follows:
where P int is the interpolated precipitation of the target grid and P l;obs is the observed precipitation at station l.
Model validation
The GBHM was calibrated during the period of 2000-2004 and validated in the period of 2005-2010 for the Zhou River, Banqiao River and Ba River catchments. For the Suichuan River catchment, the GBHM was calibrated during the period of 1974-1978 and validated from 1979 to 1983. Only the daily discharge was available throughout the entire period, so we first averaged the hourly simulated discharge values to a daily mean value to calculate the statistical indices. The Nash and Sutcliffe coefficient (NSE) and the correlation coefficient (R 2 ) were adopted to evaluate the model performance on the daily scale, which are defined as Note: Daily discharge data was available in the whole period. The event-based discharge data was available only in flood seasons, and the temporal resolution varied from 6 h to 1 h when discharge increased. 
where Q t o and Q t sim denote the observed and simulated discharge and Q sim and Q o denote the average values of the simulated and observed discharges, respectively, during the simulation period T.
The six flood events with the largest peak discharges for the four hydrological stations at the outlets of the study catchments were selected according to the continuous simulation results from the GBHM at a one-hour time step in the four study catchments to evaluate the model performance for event flood simulation.
Method to determine the rainfall threshold for flood warning
Computing the rainfall threshold for flood warnings mainly consists of two steps: (1) determining the discharge threshold for flood warnings based on simulations of historical floods from 1951 to 2002 in the Suichuan catchment and from 2000 to 2010 in the other three catchments, and (2) determining the rainfall threshold that induces the flood discharge threshold.
(1) Determining the discharge threshold for flood warnings
The flood threshold has been conventionally considered as the bank-full flow (Ntelekos et al., 2006; Schmidt et al., 2007; Gourley et al., 2012) , which is often characterized by a two-year return period. Observed river discharge data were lacking for most of the small catchments (the interior sub-catchments) in this study, so we first determined the magnitude of the flooding threshold at the outlet of each study catchment based on the observed discharge according to the local flood situation as obtained from field surveys. We could determine the return period (or frequency) of the flooding threshold through a frequency analysis based on historical flood data. Then, we used the same return period (or frequency) as the return period threshold to determine the flooding threshold based on the simulated discharge for all the subcatchments within a study catchment. A 98-m water level was set as the water level threshold for Nanxi station at the outlet of the Suichuan River catchment (see Fig. 1 ) according to field surveys. Then, we determined the flooding threshold to be 740 m 3 /s based on the stage-discharge relationship at Nanxi station. We estimated the frequency of this flooding threshold to be 0.23, which is roughly equal to the five-year return period, based on historical floods. Then, we determined the flooding threshold to be 802 m 3 /s for the outlet of the Nanxi catchment according to the frequency analysis of simulated flood discharge. The flooding thresholds that were calculated with the simulated discharges for the four study catchments are shown in Table 7 . These flooding thresholds were then used to determine the rainfall thresholds. Flood frequency analysis requires long-term data, so a flood with a two-year return period was chosen as the flooding threshold for warnings because of the limited available discharge data period (see Table 2 ) and the local flood conditions in the Zhou River catchment, Banqiao River catchment and Ba River catchment. As stated in Reed et al. (2007) , the simulated discharge-based flow threshold can be effectively used as an indicator of relative flood severity as long as the hydrologic model can effectively ranking events, even if the forecast peak flows are biased relative to the observed data. This skill depends on the consistency of the precipitation inputs and the model. The precipitation inputs in this study originated from rain gauges with the same instruments, and the GBHM model was well calibrated and validated. Therefore, we deem that the consistency of the precipitation inputs and the model accuracy are satisfied.
Because most of the sub-catchments in the study areas were ungauged (lack of river level or discharge observations), the GBHM was employed to simulate historical floods by using observed meteorological data as the inputs. We used frequency analysis based on these simulated floods to determine the flooding thresholds with the same return period thresholds for each subcatchment within a study catchment.
(2) Determining the rainfall threshold for flood discharge warnings
After determining the flooding threshold, we can further derive the rainfall threshold with time spans from 1 to 12 h based on GBHM simulations of the hourly discharge and soil moisture.
First, we selected all the flood events from the entire period of available data (as indicated in Table 2 ) with a peak discharge that was greater than 1/5 of the required threshold value for flood warnings. In total, 216, 128, 86 and 90 flood events were selected for the Suichuan catchment, Maduwang catchment, Banqiao catchment and Zhidan catchment, respectively. We found the maximum rainfall values that accumulated over time spans from 1 h to 12 h by looking back from each peak discharge up to one day before, and the soil moisture before each rainfall event was selected as the antecedent soil moisture content of each flood. Typically, the soil type (or the soil porosity) is not spatially uniform in a sub-catchment, so we used the soil saturation (S) instead of the volumetric soil water content for simplicity, which is defined as
where h is the soil moisture and h S is the saturated soil moisture. The next step was to determine whether a given rainfall was greater than or less than the rainfall threshold by a linear (for simplicity) binary classification of value pairs of the maximum cumulative rainfall and degree of soil saturation, as shown in Fig. 2 . We plotted the accumulated rainfall against the soil saturation. Then, the pairs of maximum cumulative rainfall and degree of soil saturation that corresponded to simulated peak discharges that were equal to or greater than the flooding threshold (computed with the simulated discharge) were grouped into pattern-1 (marked as red 1 squares in Fig. 2 ), while the pairs that corresponded to peak discharges that were smaller than the flooding threshold were grouped into pattern-2 (marked as blue dots). Then, the procedure became a binary classification problem, and we could establish whether a given rainfall was greater than or less than the rainfall threshold value. The least mean squares algorithm, which is also called the Widrow-Hoff algorithm (Widrow and Hoff, 1960) , was applied to determine the discriminant function to minimize the classification errors. The linear discriminant function dðxÞ is defined as
where x ¼ ðp; s; 1Þ represents a group of accumulated precipitation and initial soil saturation values and w ¼ ðw 1 ; w 2 ; w 3 Þ is the pending coefficient. Then, dðxÞ < 0 indicates a situation when a flood exceeds the flooding threshold. If we multiply x from pattern-1 by À1, we obtainx ¼ ðÀp; Às; À1Þ, and the discriminant function becomes dðxÞ ¼ wx > 0; correct classification
1 For interpretation of color in Figs. 2 and 3 , the reader is referred to the web version of this article.
Eq. (9) can be further expressed as a matrix equation:
where X ¼ ðx 1 ;x 2 ;x 3 ; . . .x N Þ and b is the residual vector. Given the value of b, the calculation of w is equivalent to minimizing the variance function JðwÞ by using the optimization algorithm:
Obviously, the solution of w depends on the choice of b. However, w values that are calculated from different b are similar. Studies have suggested that b ¼ ½1; 1; . . . ; 1 has suitable properties, so b ¼ ½1; 1; . . . ; 1 was applied in this study. In real-time operational practices, the soil saturation can be updated continuously (every one hour) through the computation of GBHM by using the observed rainfall as the input. With the classifier, the rainfall thresholds under different soil moisture conditions can be directly taken from the graphs. A decision regarding whether to issue a warning can be made by comparing the rainfall threshold value that was obtained from the classifier with the observed now-casted or forecasted rainfall value.
A contingency table has been frequently used in similar studies to evaluate the performance of forecast systems. As shown in Table 4 , H (hits) denotes the number of positive forecasts that correspond to the occurrence of an event, M (misses) denotes the number of events that occurred but were missed by the forecast, and FA (false alarms) denotes false alerts that were forecasted but did not actually occur (Schaefer, 1990) . According to this contingency table, the three statistics of the probability of detection (POD), the false alarm rate (FAR) and the critical success index (CSI) are used to assess the performance of the method:
The POD ranges from 0 to 1, and POD = 1 for a perfect hit. The FAR also ranges from 0 to 1, and FAR = 0 indicates a zero false positive rate. The CSI ranges from 0 to 1. A higher POD value and a lower FAR value correspond to a higher CSI value. Fig. 3 shows the hourly simulations of the top 6 flood events during the rainy season, in which the red dots represent the observed discharge, the blue line represents the simulated discharge, and the upper bars represent the mean catchment rainfall. Table 6a summarizes the peak discharge, relative error of the flood peak, and time difference of the simulated peak compared to the observed flood peak.
Results and discussion
Performance of GBHM in different climate regions
The results in Table 6a show that the model could simulate most flood events appropriately, with the relative errors of most flood peaks smaller than 20% and the peak time differences within 2 h. Table 6b shows the results in three interior sub-catchments without calibration. The relative error of the flood peaks increased, but the timing error of the flood peaks was around the same magnitude as that for the calibrated sites. A bigger error was found in smaller catchments. At the same time, the performance of GBHM in the semi-arid catchment (Zhidan catchment) was worse than that in the other catchments. This result may be explained by the low temporal resolution of the rainfall data. The temporal scale is especially important for hydrological simulations in arid areas because the excess infiltration runoff predominates, which can be demonstrated from the sharp flood hydrographs in Fig. 3(a) (Zhidan) . Li et al. (2015) tested several hydrological models in the Zhidan catchment by using the same rainfall data as inputs, but all the simulation results were unsatisfactory, and the authors reported that poor vegetation development and soil hardening might also explain the poor model performance. Moreover, Duan (2010) and Wang (2011) reported , where the Zhidan catchment is located. This observation might explain the poor model performance in the Zhidan catchment because the GBHM did not consider landscape changes.
In addition, decay in the model performance (in terms of NSE and R 2 ) from the calibration period to the validation period is particularly evident for the Zhidan catchment. The Mann-Kendall trend test (Mann, 1945; Kendall, 1975) was used to detect the trends of rainfall from 2001 to 2010. The results showed a decreasing trend with a significance level of 0.05 for the annual rainfall and the 24-h maximum rainfall. The changing rainfall climatology, especially the decrease in the 24-h maximum rainfall, may have induced this decay in the model performance. The reason for this result might be related to the GBHM calculating the excess infiltration at 1-h time steps. We used event-based rainfall data rather than hourly data; the rainstorms may have exhibited high temporal variability, but we used the average rainfall for each event as hourly inputs into GBHM without changing other parameters. Additionally, the performance of the GBHM in the Ba River catchment under similar climate conditions was better than that in the Banqiao River catchment, which indicates that other basin characteristics, such as rain gauge networks, can also influence the model's performance. In terms of the number of stations and spatial distribution over the basin, the rain gauge network in the Ba River catchment was better than that in the Banqiao River catchment. This observation also explains the better performance for the Ba River catchment comparing to that for the Banqiao River catchment. In general, the model's performance was better in humid catchments than in arid catchments. Because excess infiltration runoff predominates in arid catchments, hightemporal-resolution rainfall data and better simulations of the soil water dynamics are required to improve flood simulations.
Flash flood warnings based on rainfall thresholds
We estimated the time of the flood peak in response to the storm peak in each sub-catchment based on the simulated hourly discharge and the mean catchment rainfall. Fig. 4 illustrates the response time of each sub-catchment against the catchment drainage area. The response time in this study is defined as the time between the maximum hourly mean catchment rainfall and the peak of the simulated hourly discharge from the GBHM, which is averaged over all events during the entire simulation period. Because the time step of the GBHM was one hour, the flood response times in several very small sub-catchments were expected to be overestimated. Fig. 4 shows that the response time increased with the catchment area; a response time of 3 h roughly corresponded to catchment areas of 30, 196, 88 and 135 km 2 for the Zhou River, Banqiao River, Ba River and Suichuan River catchments, respectively. The catchments with drainage areas from tens to hundreds of square kilometers in the mountainous regions are usually in China's rural areas. Thus, flood warnings that are based on the rainfall threshold are especially useful for small rural catchments according to the actual situations in China's rural areas, where rain gauges are the only instruments that can be used for flash flood forecasting. Therefore, we must evaluate if a flood warning method based on rainfall thresholds provides satisfactory outcomes over the study area. for the other three catchments). The accumulative rainfalls for 1-h, 3-h, 6-h and 12-h periods are shown in this figure as examples, from which we can easily estimate the value of the rainfall threshold for a certain duration and particular soil saturation. Table 7 lists the rainfall thresholds for flood warnings at the outlets of the four study catchments with time spans of 1 h, 3 h, 6 h and 12 h for soil saturation values of 0.25, 0.5 and 0.75. In practice, we can directly refer to this table to estimate the rainfall threshold under different soil saturations through linear interpolation. The rainfall threshold increased with the duration and decreased with increasing soil saturation in all the study catchments, especially in the Suichuan River catchment. We determined the rainfall thresholds for the ungauged subcatchments in the study areas in the same manner. Fig. 6 provides the binary classification results for three interior ''ungauged" Note: Q represents observed peak discharge, Error represents relative error of the flood peak, and Time represents time difference of the simulated peak comparing with the observed flood. catchments (Luolicun, Xiankeng and Aoxiaping), and Fig. 7 shows the spatial distribution of the rainfall thresholds with a duration of 3 h under a soil saturation of 50% in the four catchments. The spatial distributions of the rainfall thresholds over 1-h, 6-h and 12-h time spans were similar to that for a 3-h time span. The rainfall threshold exhibited high variability among the four study catchments and within the same study catchment. The spatial variability of the rainfall threshold was closely related to the catchment's hydrological variability, which indicates that estimating the rainfall threshold on a small spatial scale is necessary to assist local flash flood warnings. A comprehensive evaluation of the proposed method was performed through three steps: (1) assessing the accuracy of the binary classification, (2) assessing the reliability of the proposed rainfall thresholds based on the historical rainfall, and (3) assessing the performance of the proposed method by directly comparing the model-simulated floods with the observed floods. The indices for the accuracy assessment, including the POD, FAR and CSI, were then calculated for the periods during which discharge data were available (as shown in Table 2 ). First, the accuracy of the binary classification was evaluated by using all the available data. Here, hits (H) indicate when the positions of the pairs of maximum cumulative rainfall and degree of soil saturation corresponded to positive events (the simulated runoff exceeded the runoff threshold) that lay above the discriminant line, misses (M) indicate when the position of the pairs that correspond to positive events lay under the discriminant line, and false alarms (FA) indicate when the position of the pairs that correspond to negative events (the simulated runoff did not exceed the runoff threshold) lay above the discriminant line. We calculated the three indices after the contingency table was built, as shown in Table 8a . In total, 11, 14, 10 and 9 flood events (in terms of the simulated discharge) exceeded the flooding threshold for the Zhidan catchment, Banqiao catchment, Maduwang catchment and Suichuan catchment, respectively. The CSI values for different rainfall durations in the four study catchments ranged from 0.28 to 0.77, the POD values ranged from 0.44 to 0.91, and the FAR values ranged from 0.64 to 0.17, which indicate that the accuracy of the binary classification was reasonable. Table 8a showed that the statistical values varied among different study catchments. The accuracy of binary classification was better in the Zhou River (Zhidan catchment) located in the semi-arid region comparing with other study catchments. This implied that flash flood has better relation with the rainfall in this catchment. In the same study catchment the statistical values of different time spans were also different. The accuracy of the binary classification for the rainfall thresholds over 1-h and 12-h periods was worse compared to the 3-h and 6-h rainfall thresholds. The 12-h time span was generally longer than the concentration times of the study catchments, while 1-h rainfall time spans may not exceed the capacity of canopy interception and surface detention. These results may explain why the performance for the 1-h and 12-h rainfall thresholds was worse and implies that the 3-h and 6-h rainfall thresholds were more meaningful for flood warnings in watersheds with similar sizes to the study catchments. We focus on these 3-h and 6-h rainfall thresholds below, although we will provide all the 1-h, 3-h, 6-h and 12-h values.
Second, the reliability of the proposed rainfall threshold for flash flood warning was assessed by using the observed rainfall and discharge in the entire period when event data were available, which means that the assessment was performed as a ''hindcast". The rainfall threshold was calculated based on the temporal soil moisture at each hour through the entire period when observed discharge values were available. Then, the subsequently observed rainfall for each rainfall time span was compared to the rainfall threshold of the corresponding duration to decide whether a flood warning should be issued. Meanwhile, the observed discharge was compared to the flooding threshold to determine whether a flood occurred. Here, the flooding threshold was obtained with frequency analysis that was based on historically observed discharge data. For each time span, a flood event was considered to have occurred if at least one of the hourly observed discharges exceeded the flooding threshold in the next time span following the current time. Then, the accuracy indices were calculated, as shown in Table 8b . The CSI values here are slightly lower than those in Table 8a , but all are well above the benchmark skill of 0.2 that was suggested by Clark et al. (2014) for the US NWS's FFG on a national scale. Finally, we constructed a contingency table by comparing the peak discharge in a flood event (with a time window of 12 h) with the flooding threshold (calculated from the observed discharge) for both simulated and observed discharges and then calculated the accuracy indices to further assess the proposed method. The results are shown in Table 8c . A comparison of the results in Table 8b with those in Table 8c shows close performances between the forecasting method that was based on model simulations and the warning method that was based on rainfall thresholds. The warning method that was based on rainfall thresholds performed even better in some catchments: the CSI from the GBHM simulation in the semi-arid Zhidan catchment was 0.46, slightly smaller than the CSI values from the rainfall threshold-based warning method (above 0.5 for all time spans). This result may be explained by the relatively poor model performance in the Zhidan catchments, as discussed in Section 5.1.
Characteristics of the rainfall thresholds in different climate regions
As shown in Fig. 5 , the relationship between the initial soil moisture and the rainfall threshold varied significantly over these study catchments. The rainfall threshold in the humid region (Suichuan catchment) decreased significantly with increasing antecedent soil saturation (see Fig. 5 panel d ) but decreased slightly with increasing soil moisture in the semi-humid and semi-arid regions (the other study catchments). The major reason for this difference can be explained as follows.
Runoff in humid regions is mainly generated from excess saturation. Neglecting evapotranspiration during rainfall, the runoff can be calculated as
where R is the runoff, P is the precipitation, W max is the maximum soil water storage, W ini is the initial storage, h is the initial soil moisture, h S is the saturated soil moisture, and d is the soil depth. For a specific runoff (corresponding to the flooding threshold), the rainfall decreases linearly with decreasing soil moisture. The soil depth in semi-arid regions, especially in the Loess Plateau, can reach several tens of meters, and excess infiltration dominates runoff generation, in which the runoff mainly depends upon the rainfall intensity and soil infiltration capacity. Semi-arid regions, whose soil exhibits small saturated hydraulic conductivity (approximately 10 mm/h in the Loess Plateau) and soil-hardening compaction because of sparse vegetation, have low infiltration rates. The rainfall threshold in semi-arid regions is nearly constant because the infiltration rate tends to stabilize after a short time (less than 1 h) and excess runoff occurs quickly.
These two distinct relationships between the rainfall threshold and soil moisture in different climate regions imply different strategies for use of the rainfall threshold. Application of the rainfall threshold for flash flood warning in humid regions requires dynamic estimating the soil moisture in real time, while we might use a constant rainfall threshold for a short time period in a small catchment in the semi-arid and semi-humid regions.
The indices in Table 8b indicate that the 3-h and 6-h rainfall thresholds are more suitable, which is consistent with the results in Table 8a as explained in Section 5.2. Excess infiltration runoff plays a dominant role in semi-arid and semi-humid regions, and the rainfall intensity is more important than the accumulative rainfall. As shown in Table 8b , rainfall thresholds over short time spans (3 h) are more suitable for use in the Zhidan catchment and Banqiao catchment. The amount of accumulated rainfall in humid regions plays a more important role than the rainfall intensity, so the accumulative rainfall over a relatively long time span should be used as the rainfall threshold for flood warnings. Thus, rainfall thresholds over longer time spans (6 h) are more suitable for use in the Maduwang catchment and Nanxi catchment.
Uncertainty in rainfall threshold estimation
The uncertainties in the estimation of rainfall thresholds mainly originate from the uncertainties in model parameter estimation (such as the equifinality; Beven, 2006) , the binary classification process, model structures, rainfall measurements and spatial interpolation, and climate and land use changes. The uncertainties from model parameter estimation and the binary classification process are discussed later. Only using gauge rainfall data with sparse temporal-spatial resolution for rainfall estimation may not adequately represent the real conditions, especially at high altitudes (Daly et al., 2008) . The spatial and temporal patterns of rainfall may also be important in triggering a flash flood. Lumping together all the temporal patterns of rainfall and using the average catchment-scale precipitation to determine the rainfall threshold may introduce uncertainty. These issues should be further discussed in future works. We have evaluated the performance of the proposed method for flood warnings in four gauged catchments, but not in ungauged catchments. However, as stated before, most GBHM parameters are defined according to their physical meaning, either based on actual in situ measurements or regional/global databases, and only a few parameters must be calibrated in the gauged catchment and transferred to the ungauged catchment. Although the absolute value of a flood that is simulated by the hydrological model has error, we can assume that the model can properly simulate the relative magnitudes of flood peaks. Thus, the proposed approach for estimating the rainfall threshold in ungauged catchments should maintain reasonable accuracy. To prove this hypothesis, we treated two interior gauged sub-catchments in the Suichuan River catchment and one interior gauged sub-catchment in the Ba River catchment as ungauged catchments (see Fig. 1 ), with no calibration performed with the observed discharge; instead, we used the observed discharge data to evaluate the performance of the proposed method in the ungauged catchments. Because the two catchments are located in humid regions, we should pay more attention to the 6-h rainfall threshold as explained in Section 5.3. The CSI value for the gauged catchment (Nanxi station) was 0.55 (with a 6-h rainfall threshold, see Table 8b ), while those for the interior ungauged catchment were 0.52 (Aoxiaoping station) and 0.69 (Xiankeng station), as shown in Table 9a . Therefore, the CSI maintained a high value in the interior 'ungauged' catchments. In the same vein, the CSI value in the Ba River catchment (located in a semi-humid region) was 0.6 (with a 6-h rainfall threshold) in the gauged catchment (Maduwang station), while the CSI value in the ungauged catchment (Luolicun station) was 0.47. Comparing the accuracy of the flood warnings for the gauged catchments (Table 8c ) and ungauged internal sub-catchment (Table 9b ) based on real-time flood forecasting with GBHM demonstrates that the proposed method achieved very close accuracy in both the gauged and ungauged locations in the study areas. A small decrease in accuracy can be observed, which may have originated from degradation in the hydrological flood simulation by the hydrological model without calibration. However, this small decrease is reasonable and acceptable.
Uncertainty in binary classification is mainly caused by the sample size, which depends on the length of the available data records. The previous discussion regarding the Suichuan catchment was based on hydrological and meteorological data from 1951 to 2002. However, other study catchments do not possess such abundant data. We calculated the rainfall threshold for the Suichuan catchment by using simulation results from 1990 to 2002 (13 years) to evaluate the impact of the length of the data series on the accuracy of the rainfall threshold estimation. Then, we assessed the performance of the flood warnings based on this rainfall threshold by using all the available data. The evaluation results are shown in Table 10 . The POD value did not show an obvious decrease upon shortening the length of the data records to 13 years, but the FAR value greatly increased and the CSI significantly decreased. We calculated the maximum one-hour and maximum 24-h accumulated and annual rainfalls in the periods of 1990-2002 and 1951-2002 to clarify whether changes in the rainfall climatology might result in this degradation. The results showed that only the maximum 24-h rainfall increased slightly during 1990-2002. This observation indicates that the increase in the FAR can be explained by higher classification error because of smaller sample numbers rather than to a change in the rainfall climatology. Nine flood events exceeded the flooding threshold (in terms of simulated discharge) in the Nanxi catchment during the entire period, but only 3 flood events exceeded this threshold from 1990 to 2002. As shown in Table 8a , in the entire study period, 11, 14, 10 and 9 flood events exceeded the flooding threshold in the Zhidan, Banqiao, Maduwang and Nanxi catchments, respectively. Thus, we suggest that more than approximately 10 flood events that exceed the flooding threshold are necessary to obtain good performance for the binary classification. Further analysis of the sample size (or data length) should be conducted by collecting more data in future research. Cross-validation (developmental dataset containing events from nÀ1 years and verification dataset containing events from the remaining year) was performed to test the robustness of the binary classification; the results are shown in Table 11 . Compared to the values in Table 8a , the CSI values decreased slightly, ranging from 0.30 to 0.71. The accuracy of the binary classification slightly decreased, which indicates that the binary classification was reliable.
Summary and conclusions
This study employed a distributed hydrological model (GBHM) for flood simulation in four study catchments that were located in humid, semi-humid and semi-arid regions in China. We determined the flooding thresholds for warning through a frequency analysis according to the simulation results. Then, we introduced a method to determine the rainfall threshold for flash flood warning through a binary classification procedure. The method was applied to both gauged and ungauged sites in the study catchments and carefully evaluated across a number of catchments with a variety of climatic and hydrologic conditions. The major conclusions can be summarized as follows.
(1) The GBHM properly simulated flash floods in the four small study catchments, which were located in humid, semihumid and semi-arid regions in China. The GBHM also exhibited better performance in the humid area than in the semi-humid and semi-arid areas. This result may be explained by the low temporal resolution of the rainfall data, which is especially important for hydrologic simulation in arid areas, where excess infiltration runoff dominates. (2) A frequency-based method was adopted to determine the flooding threshold for flash flood warning based on GBHMsimulated floods, which provided an approach to measure the flood severity in ungauged catchments. The rainfall threshold in both the gauged and ungauged catchments was derived from the binary classification approach and applied to pairs of the cumulative rainfall and degree of soil saturation for the simulated historical flood events. This method avoided running a hydrological model iteratively to determine the rainfall threshold, but only the soil saturation needed to be specified by continuously running the hydrological model or by other estimations such as in-situ observation. (3) A comprehensive evaluation of the proposed warning method was carried out using three indices, namely, the POD, FAR and CSI. The results showed good performance from the proposed method: the CSI values of the binary classification ranged from 0.28 to 0.77. Cross-validation in the study catchments also obtained high CSI values for the binary classification (0.23 to 0.71). The CSI values of the warning method that was based on rainfall thresholds over different time spans in the four study catchments ranged from 0.10 to 0.71. The warning method that was based on rainfall thresholds exhibited similar performance to the forecast method that was directly based on model simulation, which indicated the reliability of the proposed method. Evaluation in the interior sub-catchments showed that the proposed method achieved a good performance at uncalibrated locations in the study catchments, which demonstrated the method's applicability to ungauged catchments.
(4) The rainfall threshold exhibited high variability within each study catchment. The spatial variability of the rainfall threshold indicated that estimating the rainfall threshold over a small spatial scale was necessary to assist local flash flood warnings. Additionally, the rainfall threshold values decreased significantly with increasing initial soil moisture in the humid regions but decreased slightly in the semihumid and semi-arid regions. This result implies that application of the proposed rainfall threshold method in humid regions should carefully estimate and update the initial soil saturation either by running the hydrologic model or through in-situ observation. However, in the semi-humid and semi-arid regions, application of the rainfall threshold is not so sensitive to the initial soil saturation. (5) The performance of the method was limited by the length of the available data records. The CSI value greatly decreased when the data length in the binary classification was shortened from 52 years to 13 years in the study area. In order to stabilize the performance of the proposed method, we suggest a reasonable data length contain approximately 10 flood events at least which exceed the flooding threshold.
Further research should focus on the influence of the spatial and temporal patterns of rainfall on the estimation of rainfall thresholds for flash flood warning.
